A solution to treat mixed-type human datasets from socio-ecological systems by Clark, Lisa B. et al.
 
Journal of Environmental Geography 13 (3–4), 51–60. 
 
DOI: 10.2478/jengeo-2020-0012 




A SOLUTION TO TREAT MIXED-TYPE HUMAN DATASETS 
FROM SOCIO-ECOLOGICAL SYSTEMS 
Lisa B. Clark1, Eduardo González1,2*, Annie L. Henry1, Anna A. Sher1* 
 
1Department of Biological Sciences, University of Denver, Denver, CO, 80208-9010 
2Department of Biology, Colorado State University, Fort Collins, CO, 80523 
*Corresponding author, e-mail: edusargas@hotmail.com 
 
Research article, received 26 August 2020, accepted 8 December 2020 
Abstract 
Coupled human and natural systems (CHANS) are frequently represented by large datasets with varied data including continuous, 
ordinal, and categorical variables. Conventional multivariate analyses cannot handle these mixed data types. In this paper, our goal was 
to show how a clustering method that has not before been applied to understanding the human dimension of CHANS: a Gower 
dissimilarity matrix with partitioning around medoids (PAM) can be used to treat mixed-type human datasets. A case study of land 
managers responsible for invasive plant control projects across rivers of the southwestern U.S. was used to characterize managers’ 
backgrounds and decisions, and project properties through clustering. Results showed that managers could be classified as “federal 
multitaskers” or as “educated specialists”. Decisions were characterized by being either “quick and active” or “thorough and careful”. 
Project goals were either comprehensive with ecological goals or more limited in scope. This study shows that clustering with Gower 
and PAM can simplify the complex human dimension of this system, demonstrating the utility of this approach for systems frequently 
composed of mixed-type data such as CHANS. This clustering approach can be used to direct scientific recommendations towards 
homogeneous groups of managers and project types. 
Keywords: Gower’s similarity coefficient, partition around medoids clustering, human dimension, coupled human and natural systems, 
land management
INTRODUCTION 
The human dimension of biological conservation, 
ecological restoration, and environmental management 
in a broad sense is a recent, growing focus in the 
scientific literature as an important component of 
coupled human and natural systems (CHANS, a.k.a. 
socio-ecological systems, Liu et al., 2007). When 
considering human systems, both within and separate 
from CHANS, large datasets are often involved due to 
the complex and varied nature of survey data. The 
CHANS framework can also yield data that are 
challenging to work with due to the interconnections 
between systems and data that encompasses multiple 
scales. Multivariate analyses are therefore frequently 
used, however survey and ecological data often include 
mixed types of variables (i.e., continuous, ordinal, and 
categorical), which cannot be treated by most 
conventional multivariate tests. For example, while 
cluster analyses are commonly used in social sciences, 
most use well known distance metrics such as 
Euclidean (e.g., García-Llorente et al., 2011) or Bray 
Curtis (e.g., Higuera et al., 2013), which cannot handle 
mixed data. 
Gower dissimilarity matrices with clustering 
using partitioning around medoids (PAM) have been 
used recently as a new solution to the problem of mixed 
data in other disciplines, such as biomedical sciences, 
ecology, and socioeconomics (Table 1), but never in 
CHANS before now. The Gower similarity coefficient 
is specifically designed to deal with mixed data, which 
becomes even more likely when combining human and 
natural variables as found in CHANS. Gower also has 
additional advantages such as allowing for missing 
values and for different weights to be assigned to each 
variable (Gower, 1971; Legendre and Legendre, 2012). 
PAM is an alternative for the popular, non-hierarchical 
k-means method. Unlike those methods, PAM accepts 
other distance metrics besides Euclidean and is useful 
for relatively small sample sizes with outliers (Borcard 
et al., 2011; Kaufman and Rousseeuw, 1990). 
This study illustrates the use of Gower distances 
with PAM to investigate the human dimension of 
coupled systems in a case study of managers involved 
in the control of an invasive tree (Tamarix spp.) in the 
riparian southwestern U.S. Of specific interest was 
whether there were profiles of managers or projects 
(based on their education, management role, 
experience, etc.) that were associated with particular 
management decisions. More generally, this study 
examines how characteristics and decisions of this 
population of managers and their projects could be 
more easily described through clustering. While many 
restoration ecology studies have inventoried 
management actions in river restoration projects 
(Bernhardt et al., 2007; Morandi et al., 2014), to the 
authors’ knowledge, an in-depth, quantitative 
exploration of the characteristics of managers and their 
projects has not been done (except see Sher et al., 
2020). Previous literature on the human dimension of  
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restoration ecology has only focused on one aspect of 
decision-making such as partnerships or political input 
(e.g., Kallis et al., 2009; Oppenheimer et al., 2015), 
despite the myriad of aspects that may be important, 
including education level, governing organization, and 
collaboration. It was hypothesized that the proposed 
statistical method would give interpretable, meaningful 
clusters of managers, types of projects, and types of 
management decisions. We then tested the hypothesis 
that management decisions could be predicted by 
characteristics of managers and/or projects. This is 
important because if managers with particular 
characteristics are consistently making specific 
management decisions such as choosing to monitor 
their projects, then scientific recommendations 
regarding those decisions can be more accurately 
targeted toward the relevant managers. 
We believe that this novel application of Gower 
distances with PAM will be useful to within any field 
that may study the natural-human interface with mixed-
type data sets, including not only restoration ecology 
but also human geography, environmental sociology, 
and environmental psychology. 
METHODS 
Case study 
Tamarix spp. (tamarisk, saltcedar) is a shrubby tree 
native to Eurasia that can grow in monocultures along 
riverways and impacts wildlife habitat (Bateman et al., 
2013; Sogge et al., 2013; Strudley and Dalin, 2013), soil 
salinity (Ohrtman and Lair, 2013), and native plant 
communities (Friedman et al., 2005; Merritt and Poff, 
2010). Tamarix is one of the most pervasive invasive 
riparian plants across the southwest U.S. and has also 
invaded other arid and semi-arid world regions such as 
Mexico, Argentina, Australia and South Africa (Sher, 
2013). Removal of Tamarix is a common practice in 
river management (González et al., 2015), and there are 
many methods managers use to remove this species, 
including a broadly-dispersed biological control (Bean 
and Dudley, 2018). These projects are conducted on 
lands owned by a variety of agencies including federal 
(e.g., Bureau of Reclamation), state (e.g., state natural 
resource departments), local (e.g., conservancy 
districts), non-profit (e.g., The Nature Conservancy), 
and private (e.g., individual landowners). 
In order to investigate the human dimension of the 
restoration of Tamarix-dominated lands, land managers 
of Tamarix removal projects were identified from a large 
dataset originally collected to assess the effects of 
removal method on vegetation (Fig. 1; see González et 
al., 2017). This was a collaborative effort of 16 research 
institutions; sites included all locations across the 
southwestern U.S. where data were available, distributed 
across the Upper Colorado, Lower Colorado, and Middle 
Rio Grande river basins. These managers were invited to 
participate in an online survey and in-person interviews 
in order to assess whether management decisions in 
these projects were associated with individual 
characteristics of those managers or projects. 
Information about the managers’ backgrounds was 
needed, as well as the approach to restoration specific to 
each of their projects. The online survey was 
administered through Qualtrics to land managers. The 
20-minute survey was tested through multiple iterations 
using mock interviews and through Qualtrics by trusted 
land managers and collaborators to ensure clarity. 
 
Fig. 1 Map of study area. 
UCRB – Upper Colorado River Basin; LCRB – Lower 
Colorado River Basin; RGRB – Rio Grande River Basin. 
Points are Tamarix removal project sites 
Table 1 Examples of papers using Gower similarity coefficients with partitioning around medoids (PAM) clustering 
to treat mixed data types. 
 
Field Examples 
Biomedical science Han et al. 2014, Canul-Reich et al. 2015, Hummel et al. 2017 
Genetics Krichen et al. 2008, Stefani et al. 2014 
Marketing/Analytics Silva et al. 2016, Lismont et al. 2017, Arunachalam and Kumar 2018 
Sports research Akhanli and Hennig 2017 
Ecology Williams et al. 2011, Pimenta et al. 2017 
Socioeconomics Kühne et al. 2010, Gellynck et al. 2011, Hennig and Liao 2013, Iparraguirre et al. 2013, Maione et al. 2018 
Sociology Bohensky et al. 2016, King et al. 2016 
This selection was obtained from a search in Google Scholar using the chain “Gower and partitioning around medoids” done on 
Mar 21, 2018 that yielded 410 results. The list is not exhaustive. 
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The survey was approved by the University of 
Denver Institutional Review Board (#816375-5), and 
it was fielded from August 2016 to March 2017 
(Clark et al., 2019). We contacted 46 managers via 
email or phone; only one manager who was 
contacted did not complete the survey, thus our final 
sample size was 45 managers. The subsequent survey 
results encompassed 78 projects including 227 sites 
where Tamarix was treated (93% of treated sites 
originally sampled for vegetation data reported by 
González et al., 2017a; 2017b). See Table 2 for 
diversity of respondents. Seventeen managers had 
more than one project and 54 projects had multiple 
managers. Some of the variables were related to each 
manager, and others to specific projects. Thus, the 
data were considered in terms of managers (n=45) 
and projects (n=78). As this study represents nearly 
all Tamarix removal projects in the southwestern 
U.S. over the last 20 years, our sample size can be 
considered highly representative of this population.  
The survey results produced continuous, 
ordinal, and categorical variables, organized into 
two general categories: characteristics and decisions 
(Table 3). Within each of these, some variables were 
specific to projects, while others were specific to 
managers regardless of the project, such as education 
level. The characteristics variables included: 
governing agency or organization (“agency”; 
Table 3), education, experience level, and 
management role. Agency was considered both in 
relation to the manager and to the project, as it often 
differed. Experience was also considered for the 
manager as an overall measure of management 
experience and for the project as a measure of 
location-specific experience. The decision variables 
covered the manager’s goals for each project, degree 
of collaboration across agencies, information 
sources, Tamarix removal method, and monitoring 
methods. For information sources, managers were 
asked to rate the influence of information provided 
by particular agencies or organizations (e.g., formal: 
scientific articles; informal: peer conversations) on 
their decision-making, resulting in a count of the 
number of influential sources rated “somewhat 
influential” or higher. In the survey, managers also 
selected monitoring frequency for each type of 
monitoring method (e.g., physical, chemical, 
biological) but because most managers used more 
than one type and we were interested in how 
frequently any type of monitoring was done rather 
than each type, we created an ordinal variable for 
overall monitoring frequency where the highest 
frequency for any method was recorded.  
Cluster analysis 
Four cluster analyses were run for each of the variable 
categories – manager characteristics, project-specific 
characteristics, general management decisions, and 
project-specific management decisions – using 
partitioning around medoids (PAM method; Borcard et 
al., 2011; Kaufman and Rousseeuw, 1990) on a Gower 
dissimilarity matrix (Gower, 1971; Legendre and 
Legendre, 2012). The weighting of each set of variables 
was adjusted for each cluster analysis to give equal 
 
Table 2 Summary of respondent characteristics 
 
Characteristic Proportion of each category 
Gender Men 47%  |  Women 53% 
Education level High school 4%  |  Bachelors 33%  |  Masters 47%  |  Doctorate 18% 
Experience level < 11 years 24%  |  11-20 years 22%  |  > 20 years 42%  |  Did not identify as a land manager 9% 
Owning agencies Federal 49%  |  State 18%  |  Local 12%  |  Private/Non-profit 14%  |  More than one agency 8% 
 Federal includes: National Park Service, Bureau of Land Management, US Fish and Wildlife Service, Bureau 
of Reclamation 
State includes: 1 state park service, 2 state natural resource departments, 3 state fish and wildlife services 
Local includes: 3 municipalities, 1 tribe, 1 conservation district 
Private/Non-profit includes: 1 non-profit, 1 private company, 1 university, individuals 
Managing agencies Federal 29%  |  State 12%  |  Local 9%  |  Private/Non-profit 14%  |  More than one agency 36% 
 Federal includes: National Park Service, Bureau of Land Management, US Fish and Wildlife Service, Bureau 
of Reclamation 
State includes: 1 state natural resource department, 1 state fish and wildlife service, 1 conservancy district 
Local includes: 2 municipalities, 1 tribe 
Private/Non-profit includes: 1 non-profit, 1 private company, individuals 
Employing agencies Federal 47%  |  State 11%  |  Local 16%  |  Non-profit 20%  |  Private 4% 
 Federal includes: National Park Service, Bureau of Land Management, US Fish and Wildlife Service, Bureau 
of Reclamation, US Army Corps of Engineers 
State includes: 4 state natural resource departments 
Local includes: 2 municipalities, 1 county, 2 conservation districts 
Non-profit includes: 3 non-profits, 1 private company, 1 university 
 
Percentages are calculated based on the total number of managers (for gender, education, experience, and employing agency) 
or projects (for owning and managing agency). 
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weight to each variable as the number of sub-variables 
was not consistent. However, for the project-specific 
management decisions, the goals of “none”, “other”, 
and “livestock forage” were only rarely selected in the 
surveys and drove the clustering in preliminary 
analyses, so were given a lower weight than the other 
goals. 
All clustering methodologies assign observations 
to the same cluster based on algorithms that consider 
the distance (or similarity) between observations. The 
clustering algorithm used by the PAM method is an 
extension of the popular K-means algorithm, which 
uses Euclidean distances only and therefore cannot deal 
with categorical data. Unlike K-means, the PAM 
algorithm can be fed with a dissimilarity matrix, a 
matrix that contains all pairwise distances between the 
observations, instead of the raw data. This broadens the 
choice of distance measures to others that allow 
continuous as well as ordinal and categorical variables. 
The PAM algorithm computes k representative 
observations, called medoids, through an iterative 
process that ends when the average dissimilarity of the 
medoids to all the observations in the cluster is the 
minimal possible. As in K-means, the number of 
clusters (k) has to be defined a priori. We used the 
optimum average silhouette width (ASW) method to 
estimate the best number of clusters (Kaufman and 
Rousseeuw, 1990). In this study, the number of cluster 
groups was based on the highest average silhouette 
width that had a feasible logical interpretation, 
determined by significant differences on the survey 
variables between cluster groups using chi-square or 
Mann-Whitney U comparisons for each variable. 
The dissimilarity matrix that was used to feed the 
PAM procedure was computed using the Gower 
similarity coefficient (Gower, 1971; Legendre and 
Legendre, 2012). The Gower metric has other 
advantages besides allowing mixed data (i.e., data that 
includes continuous, ordinal, and categorical 
variables). First, all variables including ordinal and 
categorical are scaled to [0,1] so the requirement of the 
PAM method of all variables being dimensionally 
homogeneous (Borcard et al., 2011) is met. Normality 
for continuous variables is not required. Second, 
missing values are discarded from the calculation 
without the need of removing the observation or the 
variable; so the dataset can include missing values and 
no power is lost. Third, it is possible to set different 
Table 3 Twenty-four survey variables used for analysis, by cluster category: 


















s continuous Management role  
Number of roles out of: directly make decisions, implement decisions 
made by others, oversee projects with input from a partnership, collect 
data, other 
ordinal Overall experience  <11 years, 11-20 years, >20 years 
ordinal Education  High school, Bachelors, Masters, PhD 














. ordinal Experience in project area  <11 years, 11-20 years, >20 years 
categorical Managing agency of proj. Private/non-profit, local, state, federal, collaborative 













categorical Type of inform. sources  
Formal (e.g., peer-reviewed literature, conference talks), informal 
(e.g., conversations, past experience), mixed 
continuous Number of information sources  - 
continuous Number of monitoring methods  Includes visual, biological, physical, and chemical 
ordinal Frequency of monitoring  Variable or <every 4 yrs, every 1-2 yrs, >annual 
continuous Number of monitoring groups  
Includes self, other personnel within agency, collaborators, university 
scientists, private consultants, other 
continuous 
Number of collaborating 
groups  
Includes federal personnel, state personnel, private consultants, 
scientists, neighbors/peers, other 
continuous 
Number of collab. scientist 
groups  
Includes federal, state, county, private consultants, non-profit agency, 
university, other 
continuous 
Number of researching 
groups  
Includes self, university scientists, other scientists 
continuous 
Removal method (four 
variables) 
Proportion of sites with each method (biocontrol only, cut-stump, 
















s categorical Goals (14 variables)  
Yes/no for each of 14 goals within the following categories: Plant, 
Wildlife, Water, People, Other 
continuous 
Removal method (four 
variables) 
Proportion of sites with each method (biocontrol only, cut-stump, 
heavy machinery, and burning) within a project 
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weights for each variable. In our case study, we 
assigned weights to the variables so that each set of 
variables (i.e., collaboration, role, etc.) was equal in 
weight. All continuous variables were scaled before 
calculating the Gower coefficients. The Gower’s 
similarity coefficient between two observations (s ij) is 









   (1), 
where sij denotes the similarity of observations i and j 
for the kth variable, and wij is the weight given to the 
kth variable (a weight of 0 is given in case of missing 
values for i or j). The similarity s ijk is defined for 
continuous and ordinal variables as 
 
 1 −|𝑥𝑖𝑘  − 𝑥𝑗𝑘| / 𝑟 (2), 
where r is the range of the variable. For categorical 
variables, sijk is defined as 0 if xik and xjk differ and 1 if xik 
and xjk are the same. The Gower’s dissimilarity matrix is 
computed by transforming the similarities of all pairs of 
observations as 
 
 √(1 − 𝑠𝑖𝑗) (3). 
The Gower coefficients were calculated using the 
function daisy of the package cluster (Maechler et al. 
2018) and the PAM clustering were run using the 
function pamk of the package fpc (Hennig, 2013) in R 
3.4.1 (R Core Team, 2017). 
 
Cluster assessment 
In order to define the profiles of the resulting cluster 
groups, the mean response to each of the variables used 
to run the cluster analysis for each of the four cluster 
group pairs were compared Pearson’s chi-square tests, 
for categorical data, or Mann-Whitney U, for 
continuous data, in JMP 13.0.0 (SAS Institute, 2014). 
Mann-Whitney is a non-parametric test, selected 
because our continuous variables were rarely normally 
distributed. To determine if the “characteristic” cluster 
groups (both for managers and for projects) helped 
explain “decisions” variables, the same approach was 
used with characteristic clusters as the independent 
variable and individual decisions variables as the 
dependent variables. To account for the increased risk 
of a Type I error due to the large number of tests, a 
Bonferroni adjustment was applied to the alpha based 
on the number of analyses for each sub-question. 
RESULTS AND DISCUSSION 
In this case study, Gower similarity coefficients and 
PAM clustering was used to summarize survey data 
comprised of mixed variable types in a coupled human 
and natural system. This approach created four clear 
sets of clusters relating to manager characteristics, 
project characteristics, management decisions, and 
project-specific decisions based on survey responses 
by managers of invasive Tamarix removal projects. 
Surprisingly, the characteristic clusters did not, for the 
most part, explain management decisions, suggesting 
that individual managers did not make choices based 
on their background, but instead that these decisions 
may be more the product of the agency or collaborative 
group and determined by their resources and/or 
priorities (Sher et al., 2020). These results demonstrate 
the utility of this analysis approach and provide insight 
into the structure of this specific system, which can 
assist understanding of and thus communication with 
managers. 
Previous research that has included surveys of 
managers has rarely investigated the linkage between 
managers backgrounds and management actions taken 
as determined by combinations of factors (but see Sher 
et al., 2020). More often, surveys of approaches 
(Bernhardt et al., 2007; Morandi et al., 2014) or 
attitudes of managers has been assessed (e.g., Curtis 
and de Lacy, 1998, Padgett and Imani, 1999), typically 
with very little if any quantitative hypothesis testing 
(but see Clark et al., 2019). At least one such study has 
implemented a multivariate clustering method for 
identifying opinions and attitudes of land managers 
toward implementing conservation initiatives (Knight 
et al., 2010), but no subsequent analysis appears to 
have been done with these clusters. In another, 
background was linked to management approach, but 
these traits were only considered singly, rather than 
contributing to a multi-dimensional profile (Raymond 
and Brown, 2011). It is our hope that this method of 
using Gower similarity coefficients and PAM 
clustering can help facilitate more studies of the 
hypothesized causal relationships between elements, as 
was done here. 
Cluster results 
For each of the four variable groups, distinct pairs 
were created by the cluster analysis (Table 4-7). 
Coefficients are either Mann-Whitney U (continuous 
variables) or Pearson’s chi-square (ordinal and 
categorical variables) and indicate significant 
differences between the cluster groups if bolded (p < 
0.05). The manager characteristics cluster groups were 
explained primarily by employing agency, education, 
and management role, with an equal number of 
managers in each group (Table 4). Managers in group 
1 (“federal multitaskers”) had lower education, worked 
for mostly federal agencies, and had more management 
roles including overseeing projects with input from a 
partnership, relative to group 2 (“educated 
specialists”). 
Projects were distinguished by all of the variables 
used in the analysis: local experience, managing agency, 
and owning agency (Table 5). Most projects in the first 
group were characterized by having more locally-
experienced managers and tending to be owned and 
managed by larger or collaborative entities (“public”) 
whereas group 2 projects (“private”) were owned and 
56 Clark et al. 2020 / Journal of Environmental Geography 13 (3–4), 51–60.  
 
managed mostly by smaller organizations such as private 
companies or non-profits. 
 
There were two groups from the general 
management decision cluster analysis; these were 
significantly distinguished by information sources, 
monitoring, and the use of heavy machinery to remove 
Tamarix (Table 6). The first group (“quick and active”) 
used fewer sources of information but those sources 
were a mix of formal and informal; they used less 
comprehensive but more frequent monitoring and more 
heavy machinery than the other group (“thorough and 
careful”). The project-specific management decisions 
(Table 7) were characterized by the selection of goals 
related to ecosystem health such as native plant diversity 
or habitat improvement and more removal by burning 
(group 1: “ecocentric”) while group 2 (“limited scope”) 
had few goals selected but did select “none” or “other” 
(e.g., community involvement, water conservation, 
research) goals more often and had more removal by 
heavy machinery. These groupings provided an 
overview of the managers involved in Tamarix removal 
projects and the decisions they make, helping us 
understand which traits or aspects of projects are likely 
to be aligned. 
This clustering tool also facilitated the analysis of 
relationships between variables. Numbers in Table 8 are 
the coefficients from either Mann-Whitney U or 
Pearson’s chi-square tests depending on the type of 
variable. No significant relationships were found with 
Bonferroni adjusted 𝛂=0.004 and 𝛂=0.003 for general 
and project-specific decisions, respectively. Counter to 
predictions, no strong relationships between manager 
characteristics and decisions made about projects (as 
shown by non-significant pairwise comparisons with 
individual variables; Table 8a) were found (e.g., Hagger 
et al., 2017; Martin-Lopez et al., 2007; Roche et al., 
2015). This result suggests that either managers exhibit 
no bias in decision making in these restoration projects 
based on their own backgrounds, and/or that there are 
enough other controls in place through mechanisms to 
overwhelm any such bias (Clark et al., 2019, Sher et al., 
2020). These controls are likely to include the 
constraints and goals of specific agencies, the influence 
of collaborators, and the availability of resources for a 
given project. It is also possible that any influence of 
manager characteristics on decisions were too small to 
be detected by a sample of this size. 
Similarly, whether projects were “public” or 
“private” did not strongly predict management decisions 
made about those projects, although private projects 
were more likely to have the listed goals, especially 
aesthetics and native plant diversity, than public projects 
(Table 8b). Public projects were more likely to have used 
biological control, but these results were not statistically 
 
 
Table 4 Description of cluster groups created from manager characteristics (ASW=0.22),  
Group 1: Federal multitaskers (n=22), Group 2: Educated specialists (n=23) 
 
Variable Weight Group 1 Group 2 coefficient P 
Role      
     Direct management role 0.05 64% 65% 0.11 0.92 
     Implement decisions made by others 0.05 36% 9% 3.38 0.07 
     Oversee projects with input from a partnership 0.05 86% 39% 11.62 <0.001 
     Collect data 0.05 50% 26% 2.83 0.09 
     Median breadth of management roles (0-4) 0.05 3 1 8.52 0.004 
Experience      
     Most common experience level 0.25 >20 years 11-20 years 5.92 0.12 
Education      
     Most common education level 0.25 Bachelors Masters 18.20 <0.001 
Agency      




Table 5 Description of cluster groups created from project-specific characteristics (ASW=0.51), 
Group 1: Public (n=49), Group 2: Private (n=25) 
 
Variable Weight Group 1 Group 2 coefficient P 
Experience      
     Most common local experience level 0.33 11-20 years <11 years 8.84 0.01 
Managing agency      
     Most common managing agency 0.33 Collaborative Private/Non-profit 63.28 <0.001 
Owning agency      
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Table 6 Description of cluster groups created from general management decisions (ASW=0.18), 
Group 1: Quick and active (n=24), Group 2: Thorough and careful (n=20) 
 
Variable Weight Group 1 Group 2 coefficient P 
Information source      
     Most common type of information sources 0.125 mix formal 15.40 <0.001 
     Median breadth of information sources (0-22) 0.125 13 21 7.82 0.005 
Monitoring      
     Median breadth of monitoring methods (0-4) 0.125 2 3 10.11 0.002 
     Most common monitoring frequency 0.125 > once a year > once a year or 
< every 4 years 
8.09 0.04 
Collaboration      
     Median breadth of monitoring groups (0-6) 0.0625 2 3 2.54 0.11 
     Median breadth of collaborating groups (0-7) 0.0625 3 2.5 0.10 0.75 
     Median breadth of science collaborators (1-7) 0.0625 4 4.5 0.78 0.38 
     Median breadth of researching groups (0-4) 0.0625 2 1 1.40 0.24 
Removal method      
     Mean proportion of biocontrol only 0.0625 0.18 0.05 2.98 0.08 
     Mean proportion of cut-stump 0.0625 0.18 0.28 3.42 0.06 
     Mean proportion of heavy machinery 0.0625 0.39 0.09 4.07 0.04 
     Mean proportion of burning 0.0625 0.16 0.19 0.42 0.52 
      
 
Table 7 Description of cluster groups created from project-specific decisions (ASW=0.34), 
Group 1: Ecocentric (n=43), Group 2: Limited scope (n=29) 
 
Variable Weight Group 1 Group 2 coefficient P 
Plant-related goals      
     Native plant diversity 0.0606 93% 28% 33.37 <0.001 
     Ecosystem resilience 0.0606 79% 7% 36.09 <0.001 
     Exotic plant removal 0.0606 95% 76% 6.01 0.01 
Wildlife-related goals      
     Habitat improvement 0.0909 100% 31% 41.06 <0.001 
     Endangered species 0.0909 65% 0% 30.90 <0.001 
Water-related goals      
     Channel maintenance 0.0606 21% 14% 0.60 0.44 
     Restore over-bank flooding 0.0606 60% 17% 13.20 <0.001 
     Water quality 0.0606 28% 3% 7.00 0.008 
People-related goals      
     Aesthetics 0.0606 40% 38% 0.02 0.89 
     Recreation 0.0606 28% 34% 0.35 0.55 
     Wildfire mitigation 0.0606 63% 21% 12.37 <0.001 
Other goals      
     Livestock forage 0.0303 9% 0% 2.86 0.09 
     Other 0.0303 2% 28% 10.10 0.002 
     None 0.0303 0% 14% 6.28 0.01 
Removal method      
     Mean proportion of biocontrol only 0.0455 0.09 0.14 0.04 0.85 
     Mean proportion of cut-stump 0.0455 0.22 0.33 0.53 0.47 
     Mean proportion of heavy machinery 0.0455 0.23 0.33 6.48 0.01 
     Mean proportion of burning 0.0455 0.25 0.11 4.57 0.03 
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significant with an adjusted alpha of p<0.003. However, 
it should be noted that as this study sample represented 
a near-census of Tamarix projects in the southwestern 
U.S., such descriptive statistics may still be meaningful. 
Projects that were owned and managed privately or by 
non-profits may have had the flexibility to have more 
specific and customized goals than those projects that 
required buy-in from larger or more diverse 
stakeholders. 
Taken together, this information can inform future 
collaborations with managers and scientists in this 
coupled system by giving context to their interactions. 
For example, managers who are federal multitaskers 
may not have the capacity to try new methods but 
educated specialists may be more willing and able to do 
so. Thus, educated specialists may be the best candidates 
to try innovative new practices and could be more 
directly targeted in communications and dissemination. 
Additionally, increased understanding of managers by 
scientists is essential for building trust in relationships 
with managers, which is crucial to the success of any 
collaboration (Vangen and Huxham, 2003). 
Method assessment 
When treating mixed-type data from CHANS systems, 
there are many advantages to using cluster analyses and 
PAM with Gower in particular. When cluster analysis is 
used, the whole dataset can be utilized rather than having 
to choose a priori which variables will be the most 
important, which has been the usual practice to treat 
mixed-type data to date. With PAM clustering and 
Gower, categorical variables – which are very common 
when assessing characteristics of people (e.g., education 
level or gender) – do not need to be omitted or converted 
 
Table 8 Pairwise comparisons between manager (a) and project (b) characteristic cluster groups (columns) 
and management decisions (rows) 
 
 Characteristic cluster groups 
a) General approach Federal multitaskers Educated specialists coefficient P 
     Information type mixed/formal mixed 0.79 0.67 
     Number of information sources 19 17 2.07 0.15 
     Number of monitoring groups 3 2 0.02 0.89 
     Number of monitoring methods 2 2 0.01 0.92 
     Monitoring frequency > once a year every 1-2 years 2.07 0.56 
     Number of collaborating groups 3 3 0.0006 0.98 
     Number of science collaborators 4 4 0.59 0.44 
     Number of researching groups 2 1 3.06 0.08 
     Biocontrol 0.15 0.09 2.18 0.14 
     Cut-stump 0.25 0.20 0.91 0.34 
     Heavy machinery 0.25 0.25 0.03 0.87 
     Burning 0.14 0.20 0.006 0.94 
b) Project-specific approach Public Private coefficient P 
     Native plant diversity 57% 84% 5.18 0.03 
     Ecosystem resilience 47% 56% 0.55 0.46 
     Exotic plant removal 83% 96% 2.53 0.11 
     Habitat improvement 68% 80% 1.16 0.28 
     Endangered species 36% 80% 0.42 0.52 
     Channel maintenance 19% 16% 0.11 0.74 
     Restore over-bank flooding 40% 48% 0.38 0.54 
     Water quality 17% 20% 0.10 0.75 
     Aesthetics 28% 60% 7.18 0.01 
     Recreation 28% 36% 0.54 0.46 
     Wildfire mitigation 38% 60% 3.10 0.08 
     Livestock forage 2% 12% 3.03 0.08 
     Other 17% 4% 2.53 0.11 
     None 9% 0% 2.25 0.13 
     Biocontrol 0.13 0.06 4.44 0.04 
     Cut-stump 0.29 0.19 2.21 0.14 
     Heavy machinery 0.15 0.27 0.07 0.79 
     Burning 0.18 0.20 0.0006 0.98 
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in some way to a nominal numerical value that is then 
improperly represented. In addition to dealing with 
mixed type variables, PAM is also more robust to 
outliers than traditional methods (Arunachalam and 
Kumar, 2018; Maione et al., 2018), can deal with non-
symmetrical data (Gellynck et al., 2011), and can be 
used for relatively small sample sizes like ours as is also 
common with human datasets (Iparraguirre et al., 2013; 
King et al., 2016). The Gower coefficient also allows for 
weighting of variables and missing values in the dataset. 
Unlike PAM, Gower is sensitive to outliers (Sander and 
Lubbe, 2018). Despite this drawback, this analysis 
method is one of the best solutions to dealing with mixed 
data types in a multivariate setting. 
CONCLUSIONS 
This study has demonstrated the application of a 
clustering method used in other fields of study to a 
CHANS context. PAM with Gower is useful in this study 
due to the need to comprehensively reflect complex data. 
In this way, managers and their decisions can be 
understood in a holistic manner and the cluster 
groupings can inform future recommendations and the 
allocation of resources. This method also has the 
potential to be useful in other CHANS studies such as 
endangered species management, grazing management, 
or water management where there are even more factors 
involved with the addition of politics and federal or state 
regulations. 
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